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Abstract 
This paper describes a methodology to obtain a land cover dataset for a selected Subcarpathian area from Prahova County, 
Romania. It proposes a combined Remote Sensing, GIS and Cartography approaches in order to produce an accurate land cover 
layer at regional and local scales for an area where the land cover features are various and complicated in configuration. The area 
between Prahova and Teleajen rivers is characterized by complex landforms as hills and depressions with active and dynamic 
geomorphic processes. This paper presents a model integrating a supervised classification derived from Landsat OLI images with 
currently available land cover models, as well as GIS processing results of data fusion and cartographic techniques for feature 
representation on the map, at different scales. Another research direction was to use some normalized differenced indices to 
separate the spectral classes, and to assess and validate the results from the classification. Land cover map was obtained using: 1) 
land cover classes derived from supervised classification of Landsat 8 OLI image data, and; b) land cover features extracted from 
two land cover models (CORINE Land Cover and GlobeLand30), integrated with the classification dataset. The results were 
confronted and validated with ground truth points generated from orthophotos and other satellite images. The layouts are 
generated at different scales in order to compare and validate the land cover categories. 
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1. Introduction 
Land cover represents an important factor in geographical analysis, from physical geography studies to 
environmental analysis and spatial planning approaches. It is a dynamic variable because it reflects the interaction 
between socio-economic activities and regional environmental changes, and for this reason, it is necessary to be 
updated frequently. 
Land cover and land use terms are often used together. Therefore it is important to define them clearly. A 
definition from the INSPIRE Directive [1] explains that land cover represents the physical and biological cover of 
the Earth’s surface including classes as build-up areas, forests, agricultural areas, wetlands, (semi-)natural areas, 
water bodies [2]. On the other hand, the land use represents the present and future planned human activities on a 
territory [3, 4], characterized as residential, industrial, commercial, agricultural, forestry and leisure. It is the 
expression of the human activity developed for social, economic, cultural and political purposes. This means that 
land cover includes the land use features and they should be represented on different maps. Our paper focuses on 
land cover mapping. 
Located in Prahova County, the Subcarpathian region between Prahova and Teleajen rivers represents a dynamic 
area characterized by complex geomorphic processes [5], where land cover features have a major influence. For this 
reason, it is important to generate an accurate land cover dataset which could be used in geomorphic analysis or 
regional planning and development. The land cover classes can be inventoried by field survey or from orthophotos 
interpretation, but these methods are time consuming and expensive [6]. Using satellite remote sensing data is a 
practical option to identify and map the land cover categories. GIS tools were used to create the geo-database and 
integrate data extracted from satellite images with classes from the currently available land cover models. The data 
layers are overlaid, analyzed and assessed using GIS techniques. 
2. Materials and methods 
2.1. Datasets used in the analysis 
Currently, there are many land cover models available, which are produced at global, continental or national 
scales, but these are not every time accurate at detailed scales or updated according to the latest landscape changes. 
For this study different types of data were used, from satellite images and orthophotos to thematic raster models and 
vector layers. These data are presented in table 1. 
Table 1. Datasets used in the analysis and their characteristics 
Datasets Year of 
acquisition 
Spatial resolution / 
scale 
Source Format 
Landsat 8 OLI satellite image June 2015 30 m U.S. Geological Survey Raster  
CORINE Land Cover (CLC) 2012 25 m European Environment Agency Vector 
GlobeLand30 2010 30 m Geomatics Center of China Raster 
Elevation EU-DEM 2013 30 m GMES / Copernicus Raster 
Orthophotos 2009 0.5 m National Agency for Cadaster and 
Land Registration (A.N.C.P.I. 
Bucharest, Romania) 
Raster 
NDVI, NDBI, NDWI Indices 2015 30 m Landsat 8 OLI Raster 
 
CORINE Land Cover (Coordination of Information on the Environment) is a project coordinated by European 
Environment Agency. The model is produced for the entire European continent and it is derived from satellite 
imagery (mainly Landsat imagery). The datasets are available for different years (1990, 2000, 2006, 2012), offering 
an important data input for multi-temporal analysis. The original scale for the cartographic data is 1:100000 and the 
minimum mapping unit is 25 hectares, which means that each land cover polygon have to be bigger than this value. 
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CORINE land cover nomenclature contains 44 various and mixed classes, available on the third level of 
hierarchy. The first level contains 5 major categories: artificial surfaces, forests and semi-natural areas, agricultural 
areas, wetlands and water bodies. 
GlobeLand30 is an open access product created by the National Geomatics Center of China and donated to the 
United Nations Organization. It contains a global land cover dataset at 30 m spatial resolution, derived from satellite 
imagery. This database is available for two reference years (2000 and 2010). GlobeLand30 from 2010 is produced 
from Landsat Thematic Mapper imagery, using a pixel-object-knowledge (POK) based classification [7] with an 
accuracy of 80.33% [8]. It contains 10 categories of land cover: cultivated land, forest, grassland, shrubland, 
wetland, water bodies, tundra, artificial surfaces, bareland, permanent snow and ice. 
2.2. Study area 
The study area is located in Curvature Subcarpathians, between Prahova River (West) and Teleajen River (East) 
(fig.1). The Northern limit is located to the contact zone with Baiu and Grohotiș Mountains. The Southern limit is to 
the border with the Ploiești piedmont Plain. The region has an average altitude of 616 m, ranging from 185 m, to the 
contact of Teleajen River with Ploiești Plain, up to 1047 m in Vârful Frumos Peak situated on the northern part of 
Câmpinița Hills. 
 
Fig. 1. (a) Location of the study area in Romania; (b) General map of the study area. (DEM Source: Copernicus.eu) 
 
This area is featured by a variety of morphostructures like hills superposed on anticlines (Cosminele Hills), 
depressions on synclines (Mislea-Podeni, Slănic, Breaza), local relief inversions, large valley corridors with flat 
terrace tops (Teleajen, Prahova, Doftana, Vărbilău valleys) and active morphodynamic processes (landslidings, gully 
and stream erosion). Land cover features are complex as an effect of the increasing anthropogenic pressure by 
settlements, of land use variety and mining activities (oil, salt, sandstone, gravel and sand), during the last 100-150 
years. The natural vegetal cover was represented by deciduous forests, coniferous forests and grasslands. The hill 
slopes around the settlements are occupied by orchards, shrublands and pastures, while in the depressions and at to 
the contact with the plain areas, agricultural crops are largely extended (cereals, vegetables and vineyards or 
orchards on glacis slopes). 
a 
b 
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2.3. Satellite data pre-processing 
The study area is covered by Landsat 8 scene 183/29 (path/row).  The image used in this analysis was acquired 
on June 7, 2015 by Landsat 8 OLI (Operational Land Imager) sensor and it was downloaded from the Earth Explorer 
USGS image database (Landsat Imagery Archive). It has a solar elevation angle of 63.13 degrees and a cloud cover 
lower than 10 %. The image was reprojected in Stereographic 1970, Datum S-42 Romania. 
Another important precondition for remote sensing data analysis is the atmospheric correction. The digital 
numbers values were converted into the terrain radiance using the parameters from Landsat metadata file [9].  
For atmospheric correction operation the Model FLAASH (Fast Line-of-Sight Atmospheric Analysis of Spectral 
Hypercubes) was used in ENVI 5.1 software, in order to enhance the image information by transforming the 
radiance at sensor into surface reflectance values, rescaled between 0 – 1 (fig.2). This is being developed to provide 
physics-based derivation of surface and atmospheric properties [10] for hyperspectral and multispectral data. 
FLAASH is a model based on atmospheric radioactive transfer and depends on the input atmospheric parameters 
and calibration accuracy of the instrument [11].  
Fig. 2. Natural colours band composite of Landsat 8 OLI (4-3-2) for a selected area from Prahova Subcarpathians (June 7, 2015, source: U. S. 
Geological Survey): (a) Original image before atmospheric correction; (b) Atmospherically corrected data 
 
The shadows introduced by topography were eliminated using the band rationing approach [12]. This algorithm 
divides a spectral band (numerator) by another band (denominator) in order to enhance the spectral differences 
between them. The bands from infrared were used for numerator, while the red band was used for denominator. All 
three band ratios results were combined in a false-colour composite image, used to distinguish between the land 
cover classes.   
2.4. Land cover classification 
Land cover features were obtained using a supervised classification. A set of training areas was created using 
polygons for the land cover categories: coniferous forests, deciduous forests, grasslands, croplands, built-up area and 
water covered areas. The land cover classes were separated using their spectral response on the current image. The 
spectral differences between pairs of defined land cover classes were assessed with the ROI Separability tool, which 
showed high values of separability between the regions of interest (from 1.99 to 2.00). 
Two algorithms were selected for performing the classification, because the study area contains various and 
complex land cover classes with similar spectral signatures. The purpose was to validate and compare the both 
classification outputs and choose the best result.  
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Fig. 3. Land cover pattern in the Subcarpathian area between Prahova and Vărbilău rivers, Romania. Supervised classification results using 
Landsat 8 OLI data from June, 7, 2015. (a) Minimum Distance Algorithm; (b) Maximum Likelihood Algorithm 
 
First, the Minimum Distance algorithm (fig.3a) classifies a pixel by computing the distance between it and each 
land cover category. Then, the pixel is assigned to the nearest class, but when the distances between the selected 
pixel and each land cover class are higher than the mean distance defined by the analyst, the pixel is classified as 
unknown [9, 13]. This algorithm does not take into account the different degrees of variance within the spectral 
response data. The spectral classes for the study area are close to one another and have a high variance. For this 
reason, the Minimum Distance algorithm does not classify correctly the land cover features [14]. 
The second algorithm, Maximum Likelihood (fig.3b), classifies a pixel taking into account the variance and the 
covariance of the spectral response pattern of each category. It creates the probability density functions for each 
spectral category, which are used to classify an unknown pixel by computing the probability of that pixel to belong 
to each class. The pixel is assigned to the class with the higher probability [9, 14, 13].  
The normalized differenced indices were used for discrimination between land cover classes. The normalized 
differenced indices were used for validation stage, by comparing the land cover categories. The normalized 
difference vegetation index (NDVI) is a standard vegetation index based on reflectance properties of the areas 
covered by vegetation. It shows the discrimination between different land cover categories by taking into account 
the changes in values of the green biomass, the content of chlorophyll and the canopy water stress [15, 16]. Areas 
with vegetation have a high reflection in the near-infrared and a low reflection in the visible spectrum.The NDVI 
band shows values from -1 to +1. The highest values indicate vegetated areas with high consistency (0.65-0.75, like 
coniferous and deciduous forests from the figure 4a), while the low values indicate the absence of vegetation [17]. 
The normalized difference building index (NDBI) was created to differentiate the built-up area and riverbeds. It 
uses the near infrared and short wave infrared spectral bands to identify the settlements, roads, bridges and dams. 
The short wave infrared band (SWIR) indicates high reflection of the moisture from soil, vegetation or rocks [18, 
19]. Unfortunately, the similarities between spectral signatures of buildings, some agricultural crops, rocks and 
gravels do not allow the accurate separation between these land cover classes (fig.4b). 
The normalized difference water index (NDWI) uses the near infrared (NIR) and green bands to separate between 
land cover classes with different water content. The near infrared band is used to identify also the moisture content 
from soil and plants [20]. The higher NDWI values correspond to floodplains and agricultural crops from Mislea-
Podeni Depression and from the contact with Ploiești Plain (fig.4c).  
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Fig. 4. Normalized difference indices: (a) NDVI (of vegetation); (b) NDBI (of built-up area); (c) NDWI (of water). 
The results of the classifications were validated after the comparison with orthophotos from 2009, produced by 
the National Agency of Cadastre and Land Registration (A.N.C.P.I. Bucharest) and with normalized difference 
indices. The Maximum Likelihood algorithm classified better the land cover classes than the Minimum Distance 
algorithm, therefore, the Maximum Likelihood Classification was used forward in the analysis.  
The errors resulted from classifications are related to the similarities between the spectral signatures (orchards 
and deciduous forest stands, alluvia from riverbed and built-up area). They will be corrected with the available land 
cover models. 
2.5. Data integration 
The Maximum Likelihood classification layer shows only six classes of land cover: coniferous forests, deciduous 
forests, herbaceous land, croplands, build-up area and water. Therefore, this classification was integrated with 
thematic layers in order to correct the errors and add new land cover categories (fig.5). The data integration process 
focuses on the association, the combination and the correlation of data from different sources in order to improve the 
results. One of the major problems of our land cover classification was that the water channels and riverbeds were 
classified as built-up areas because their spectral signatures are similar. Riverbeds contain a lot of blocks of rocks, 
gravels and sand. Their signatures are close to concrete, asphalt covers and building from built-up areas. The water 
courses featuring narrow channels are easily confused with building’s rooftops and they are classified as built-up 
area.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5. Flow chart of the integration of data layers for land cover classification. 
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The water courses class from CORINE Land Cover 2012 model was extracted as a separate vector layer and it 
was combined with the classification vector layer in order to eliminate the specific errors from classification.  
Another problem was to differentiate between the agricultural land areas on the hillslopes and the deciduous 
forests. Around the settlements built-up areas, there are patches of orchards in association with hayfields, showing 
spectral similarities with the deciduous forests. These correspond to the main agricultural activity in the 
Subcarpathian hills region. The depressions flat fields and the top of terraces are covered by arable land with crops. 
CORINE Land Cover and GlobeLand30 models were used to extract these types of land cover. Although their 
names are different, for this stage there were selected for comparison two thematic layers from CORINE land cover 
database (orchards and arable land in association with natural vegetation) and one from GlobeLand30 database 
(cultivated land).  
“Fruit trees” class represents a thematic layer from the third level of hierarchy, characterized as permanent crops 
from agricultural areas category. The “land principally occupied by agriculture in association with natural 
vegetation” class is included in the same category of land cover as fruit trees, but characterized as heterogeneous 
agricultural areas. The both are described in the CORINE land cover nomenclature.  
In the class description of GlobeLand30 model it is specified that “cultivated land” category contains “land uses 
for agriculture, horticulture and gardens, including paddy fields, irrigated and dry farmland, vegetation and fruit 
gardens, etc.” (GlobeLand30 Product Description, http://www.globallandcover.com/).This class was used to 
identify, compare and validate the orchards and the arable land in the Subcarpatian hills region. They were 
integrated with the classification layer, using GIS techniques and geoprocessing tools. 
3. Results and discussions 
3.1. Mapping land cover 
The land cover mapresults from the integration of remote sensed data with thematic features from land cover 
models. It showsnine classes of land cover: coniferous forest, deciduous forest, herbaceous, orchards, arable in 
association with natural vegetation, agricultural crops, build-up area, riverbeds/flood plain and water bodies.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 6. Land cover map for the Subcarpathian region between Prahova and Teleajen rivers 
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Fig.7. Land cover maps at different scales: (a) for geomorphic region (Câmpinița and Cosminele Hills, Aluniș Depression); 
 (b)at local scale. 
a 
b 
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The coniferous forests occur on small areas, at higher altitudes, near of mountain area (800-1100 m). They 
contain species like spruce fir (Picea abies) and fir tree (Abies alba). The deciduous forests occur on larger areas 
(fig.6, 7) in the Subcarpathian hills region. The species from the Southern side of the study area are represented 
especially by sessile oak (Quercus petraea), oak (Quercur robur), linden (Tilia cordata) and hornbeam (Carpinus 
betulus). On higher altitudes, on the northern side of the study area, the beech (Fagus silvatica) forest stands are 
common. 
Around the settlements built-up areas, on hills slopes, thereare orchards, with fruit trees like apples, plums and 
pear trees. The arable land in association with natural vegetation class includes hayfields, fruit trees and 
shrublands.  
In the Subcarpathian depressions (Mislea-Podeni Depression) and to the contact with Ploiești Plain, there are 
croplands, especially corn and vegetables. 
The built-up area includes settlements, isolated groups of buildings, roads, artificial surfaces (industrial, 
residential, transport infrastructures – railways and roads).  
The Subcarpathian area provides good conditions and resources for the developing of the social and economic 
activities. It has a high density of settlements, including eight cities. The main city of the selected area is Câmpina, 
which is also the second important city from Prahova County, after Ploiești municipality. 
The mapping process includes layouts at different scales for the entire study area, for a selected geomorphic 
region as well as for a small area from an administrative unit (fig.7). This dataset was validated after the comparison 
with orthophotos and higher resolution satellite data (Sentinel-2 from ESA Copernicus, 10 m) and by field survey.  
 
 
Fig. 8. Land cover from selected zones in the study area  - see figure 7a (a) Păltinoasa Reservoir on Doftana River Valley with the anthropogenic 
dam; (b) Orchards (apple and plum trees) on Vărbilău River Valley slopes at Ștefești; (c) Brebu village on the top of a terrace, Doftana River 
Valley; (d) Câmpina municipality densely built-up area(view from the north-eastern side) 
Figure 8 shows some land cover samples from the study area which can be used for map validation. The first one 
shows the Păltinoasa Reservoir (fig. 8a) with the dam and the deciduous forest covering the slopes around. The 
image is taken from the Câmpinița-Doftana hilly interfluve. The forested area can be observed in a similar 
configuration like on the NDVI image (fig. 4a) where it is represented by dark green color as a result of the high 
consistency of forest stands (values ranging from 0.7 to 0.9). The second picture shows an orchard in Ștefești 
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village, along the upper Vărbilău River Valley (fig. 8b). The pattern can be distinguished easily from the other 
vegetal cover classes. In the third picture is the Brebu village on Câmpina terrace top, on the Eastern slope of 
Doftana River (fig. 8c). The last one shows the north-eastern side of Câmpina municipality built-up area situated on 
the main terrace of Prahova River. The area northern from the town is covered by herbaceous plants as the figure 8d 
shows. 
3.2. Validation of the results 
The accuracy assessment of the results was an 
important step in the analysis.  
First, the visual comparison at local scales was 
used to analyze the dataset, by overlapping it on 
orthophotos (0.5 m) and high resolution satellite 
imagery (fig.9). The map shows a comparison 
between the polygons of different land cover 
classes and the real land cover observed in the field 
(ground truth data). The boundaries between some 
classes like built-up area, deciduous forest and 
agricultural crops can be observed and validated. 
Second, a qualitative validation was made in the 
field by comparing the dataset with the real land 
cover in different points. 
The third step, a quantitative method was used to 
assess the land cover layer. A set of 649 known 
reference points were created to validate the result. 
These points were collected using orthophotos and 
different other satellite images (Landsat 
TM/ETM+, GeoEye, Sentinel-2) as base maps. 
They were assigned to the same classes as the land 
cover layer. A confusion matrix approach was used 
to compare the relationship between the ground 
truth points and the land cover dataset.This method reflects the agreement between the current land cover raster and 
the ground truth [14, 13], using four accuracy measures: the producer’s accuracy, the user’s accuracy, the overall 
accuracy and the kappa coefficient, based on errors of omission and commission on the non-diagonal lines of the 
error matrix (rows and columns). It was used in different studies to assess the data resulted from classifications or 
change detection [14, 13, 19].  
The diagonal line of the confusion matrix shows the agreement between the both layers took into account (ground 
truth points and land cover layer. The overall accuracy of 92 % shows a good relationship between the number of 
pixels correctly classified and the total number of pixels (table 2). 
The producer’s accuracy is inversely related to omission errors. The total percentage of 91.58% shows a high 
probability that the actual cover was correctly assigned to the land cover categories. The user’s accuracy (92.64%) is 
inversely related to the commission errors and it is important from the perspective of the map user. As regards the 
land cover categories, it can be observed that the accuracy differences (producer and user) for coniferous forest, 
deciduous forest and orchards are high. For example, the low producer’s accuracy for flood plain, of about 65%, 
means that some areas were omitted from this class and included into another (wrong), while the high user’s 
accuracy of about 97% shows low commission errors (the flood plain class does not include pixels from another 
class). The explanation is that the floodplain class was extracted from the CLC dataset which is a generalized model 
and does not include the small streams floodplains and channels. A reverse situation features the built-up area, 
where a high producer’s accuracy shows low omission errors. These errors were caused by the related spectral 
signatures between built-up area, floodplain and some agricultural crops. 
Fig. 9. Qualitative validation of the land cover classes resulted by data 
fusion, superposed on high resolution images - GeoEye (Source: Bing 
Aerial) in QGIS software. 
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Table 2 Confusion matrix accuracy approach between ground truth data and land cover dataset 
  
Ground Truth Data (Percent)    
Class C D O AL H B FP AC W  Total  
L
an
d 
co
ve
r 
da
ta
se
t 
Coniferous C 100 0 0 0 0 0 0 0 0 6.99 
Deciduous D 0 99.44 0 5.13 0 0 0 1.37 0 28.26 
Orchards O 0 0 92.73 0 0 0 0 0 0 7.92 
Arable land in assoc with 
natural vegetation AL 
0 0 1.82 87.18 0 0 0 0 0 10.71 
Herbaceous H 0 0.56 5.45 7.69 100 5.36 4.48 6.85 2.7 11.96 
Build-up B 0 0 0 0 0 92.86 25.37 2.74 0 11.02 
Flood plain FP 0 0 0 0 0 1.79 65.67 0 0 6.99 
Agricultural crops AC 0 0 0 0 0 0 4,48 89.04 0 10.56 
Water W 0 0 0 0 0 0 0 0 97.3 5.59 
          Total       100 100 100 100 100 100 100 100 100 100 
  Commission Omission Producer's acc. User's acc. 
Coniferous    0 0 100 100 
Deciduous         2.75 0.56 99.44 97.25 
Orchards       0 7.27 92.73 100 
Arable land 1.45 12.82 87.18 98.55 
Herbaceous   28.57 0 100 71.43 
Build-up 26.76 7.14 92.86 73.24 
Flood plain  2.22 34.33 65.67 97.78 
 Crops   4.41 10.96 89.04 95.59 
Water      0 2.7 97.3 100 
Total     91.58 92.64 
   Overall Accuracy =   92.0807%   Kappa Coefficient = 0.9074     
 
The Kappa coefficient estimates the agreement between map and reality and it is ranging from 0 to 1, where 0 
represents total disagreement and 1 total agreement (0.9074 for the current land cover model). 
This approach about integration of two datasets (supervised classification and available land cover models) has 
some methodological limitations. First of all, the input data has a medium spatial resolution (30 m for Landsat 
images, 30 m for GlobeLand model). The output layer has a medium resolution too. It is important that the ancillary 
layers have an almost similar spatial resolution as the initial data, otherwise there will be big differences between 
classes and their boundaries will not match. Second, the ancillary data should have a closer temporal resolution to 
the satellite data used for land cover classification. 
 
Conclusions 
 
The paper proposes an alternative methodology for obtaining a highly accurate land cover model for a complex 
landscape, by integrating satellite images with ancillary data derived from currently available land cover models. 
One Landsat 8 scene from June 2015 was used to classify the land cover from a Subcarpathian area. The related 
spectral signatures of some elements generate confusions between land cover classes (riverbeds and build-up area or 
forests and orchards). Ancillary data were used in order to reduce the errors and discriminate between categories that 
are difficult to classify. These data were represented by feature classes of the available land cover models (CORINE 
Land Cover and GlobeLand30). Using GIS geoprocessing tools, the data derived from the classification were 
integrated with data generated from the land cover models. The higher accuracy of the final land cover dataset 
shows the utility of this method. 
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This results from the special approach focus on solving the errors from land cover classification. These are 
introduced by the spectral signature of some pixels that makes them difficult to interpret, to distinguish and assign 
them to a specific land cover class. Therefore, some classes might be confused or have high omission and 
commission errors, like built-up areas and riverbeds or deciduous forests and orchards. For this reason, it is 
important to use ancillary data to differentiate these classes and complete the database. These were represented by 
thematic layers extracted from the available land cover models.  
This method provide an example of semi-automatic generation of land cover data for an area where land cover 
classes have, in the same time, high variances and spectral similarities. The land cover dataset resulted could be used 
in other GIS analysis for the entire region or for some local scale approaches. 
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